ABSTRACT Robot-assisted rehabilitation therapy has become an important technology applied to recover the motor functions of disabled individuals. In the present paper, an adaptive admittance control strategy combined with a neural-network-based disturbance observer (AACNDO) is developed for a therapeutic robot to provide upper extremity movement assistance. Firstly, a comprehensive overview of the robot hardware and real-time control system is introduced. Then, the dynamics-based adaptive admittance controller is designed to improve human-robot interaction compliance and induce the active participation of the patients during rehabilitation training. A disturbance observer with a radial basis function network is designed to guarantee the control performance with external uncertainties and dynamics error. Besides, an adaption law is integrated into the admittance model to adjust the interaction compliance in different working areas based on the motion intention and recovery phase of the patient. Further experimental investigations, including sinusoidal trajectory tracking experiments, circular trajectory tracking experiments with admittance adjustment, and intention-based resistive training experiments, are conducted by three volunteers. Finally, the experimental results validate the feasibility and effectiveness of the rehabilitation robot and AACNDO scheme in providing patient-passive and patient-cooperative rehabilitation training.
I. INTRODUCTION
With the acceleration of aging process in human society, more and more individuals have to suffer from the nervous and muscular diseases causing long-time extremity disability, such as stroke, spinal cord injury or orthopedic injury. These patients require a prolonged physical rehabilitation program to regain their motor functions in the activities of daily living (ADL) [1] , [2] . In the conventional rehabilitation therapy, the physical therapists need to provide different kinds of one-on-one manual-assisted treatments to the disabled patients, such as passive guidance training, progressive resistance training, and task-oriented exercises. Nevertheless, these manual rehabilitation training exist several inherent
The associate editor coordinating the review of this article and approving it for publication was Jinguo Liu. disadvantages, such as high labor intensity, long time consumption, high treatment cost, poor sustainability and weak repeatability. Besides, there are rapid-increasing demands for rehabilitation therapy but decreasing availability of medical personnel who can deliver effective rehabilitation training. Therefore, many patients cannot receive sufficient volume of rehabilitation training in clinical treatment, and that is a critical factor for recovery from motor disorder. It is in desperate need of alternative approaches for adequate and affordable care of the patients with motion impairment problems [3] - [5] .
In the past few decades, robot-assisted rehabilitation solutions have attracted increasing attentions from around the world due to their unique advantages and promising applications. Compared with the traditional manual treatment, the robotic-assisted training is capable of delivering VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ high-intensity and high-efficiency treatment with pertinence control programs. Moreover, it can monitor the therapeutic training progress of the patients with integrated sensing system [6] - [8] . Currently, various therapeutic robotic devices, both end-effector-based rehabilitation robot and exoskeleton-based rehabilitation robot, have been developed to enhance the quality of upper extremity rehabilitation training. Some typical examples of the end-effector systems, in which movements are generated from the distal segment of impaired extremity with single connection, include PARM [9] , CARR [10] , TA-WREX [11] , DIAGNOBOT [12] , WFFS [13] , and so on. Comparatively, the exoskeleton systems have a structure resembling the human skeleton and works in parallel with the affected extremity with multiple contacted points. Some typical examples of rehabilitation exoskeletons are UL-EXO7 [14] , IntelliArm [15] , RUPERT [16] , CAREX-7 [17] , RECUPERA [18] , and so on.
The control strategy applied in therapeutic robot is one of the most important factors influencing the effectiveness of robot-aided rehabilitation training [19] , [20] . Clinical research results indicate that the repetitive training and taskoriented functional activities contribute to improving the overall coordination of affected limb and preventing muscle atrophy. The existing control strategies for rehabilitation training can be categorized into two types based on humanrobot interaction characteristics, i.e., patient-passive control mode and patient-cooperative control mode. The patientpassive training is suitable for the patients at acute hemiplegia period, whose affected extremities are completely paralyzed without any motor ability. In this case, the therapeutic robot is controlled to assist the disabled individuals passively conduct repetitive reaching training according to desired trajectories. Many nonlinear control algorithms have been developed to guarantee the position tracking accuracy during patient-passive training, such as terminal sliding mode controller [21] , neural-fuzzy adaptive controller [22] , iterative learning backstepping controller [23] , fuzzy cascade proportional-integral-derivative (FCPID) controller [24] , and neuron proportional-integral (PI) controller [25] .
The major limitation of the passive mode rehabilitation training is that the motion intention of the patient is ignored during training, and that is unbeneficial to the recovery of neurological function. For the patients restoring partial motor ability at the recovery period of hemiplegia, the patientcooperative control scheme helps to integrate the active participation of the patient into therapy and, moreover, enhance the immersion and efficiency during recovery [26] - [28] . Ju et al. [29] proposed a therapeutic robot specialized for elbow and shoulder rehabilitation training. A hybrid forceposition controller incorporating a fuzzy PI turner is designed, which enables the robot to assist subject in performing active movement with specified load. Zhang et al. [10] developed an adaptive patient-cooperative controller for a compliant ankle parallel robot to enhance the safety of robot-assisted rehabilitation training. Huang et al. [30] presented a robust coordination control scheme for a dual-arm rehabilitation exoskeleton on the basis of human impedance transfer skills. Scholz et al. [31] developed a leg exoskeleton called ALEX and an assist-as-needed force-field controller for the gait rehabilitation of stroke subjects. Trlep et al. [32] proposed an adaptive patient-cooperative assistance control scheme for a bimanual training system to modulate the coordination of affected arm during rehabilitation training. Ha et al. [33] developed a cooperative control method based on functional electrical stimulation for a powered exoskeleton to assist the paraplegia patients to complete consistent and repeatable gait motion. Xu et al. [34] proposed an adaptive impedance controller for a therapeutic robot based on hybrid learning method. Taherifar et al. [35] designed a variable admittance control scheme to reduce the human-robot interaction energy of a gait rehabilitation exoskeleton.
Nevertheless, most previous researches about the patientcooperative control approaches do not take into account the modeling errors of human-robot dynamics and the external disturbances, and that may degrade the system stability and control performance. Besides, the controllers in literatures are unable to realize the switch between various training modes as well as the rational adjustment of training intensity and interaction compliance based on the therapy requirement of the patient. These shortcomings limit the safety, applicability and effectiveness of patient-cooperative training.
Taking the above into consideration, the main innovation of this work is to develop a new adaptive admittance control scheme for an upper limb rehabilitation robot, which can assist the disabled patients in performing both passive and cooperative rehabilitation trainings. A neural-networkbased disturbance observer is integrated into the controller to compensate the dynamics errors and external uncertainties. A position-error-based adaption law for the admittance model is proposed to regulate the interaction compliance and training intensity within three different working areas and guarantee the safety and interactivity of rehabilitation training.
The rest of this paper is structured as follows. Section II introduce the mechanical design and electrical control system of the rehabilitation robot. The development of the adaptive admittance control strategy combined with a neuralnetwork-based disturbance observer (AACNDO) is shown in Section III. The experimental verification is presented in Section IV. Finally, Section V concludes this study and gives a forecast of our future works.
II. THE UPPER EXTREMITY REHABILITATION ROBOT A. MECHANICAL DESIGN
The major components of the developed end-effector-based upper extremity robot is depicted in Fig. 1 . The concept of the therapeutic robotic device is to satisfy the requirement of functional multi-joint (shoulder, elbow and wrist) rehabilitation training of upper extremity and, furthermore, facilitate the physical therapist to optimize clinical treatment programs. The rehabilitation robot, as a tabletop mechanism, is composed of a fixed platform and a mobile platform. It has three degrees of freedom (DOFs) to assist the disabled patient in performing rehabilitation training on the horizontal plane. More specifically, there are two active translational DOFs along anteroposterior direction (Y-direction) and bilateral direction (X-direction), and they are achieved via two mutually perpendicular ball screw slide mechanisms (screw lead: 2 mm, G1610, FUYU) actuated by servo AC motors (RH-400, RENHOU). Besides, a passive revolute joint is set to the end-effector of rehabilitation robot, which is located on the slider of the upper ball screw mechanism, to realize the relative rotation between the shell frame and handle of end-effector. A torsional spring is integrated into the robot end-effector to enhance the interaction compliance of passive revolute joint. These three DOFs are denoted by yellow line, green line and blue arc respectively, as shown in Fig. 1 . During rehabilitation training, the disabled patient needs to sit on the wheelchair in front of the rehabilitation device with his/her right hand or left hand grasping the handle. The biological forearm is connected with the handle via a custom-made Velcro strap. The affected extremity can perform desired training tasks under the guidance and assistance of end-effector.
The range of movement (ROM) of the therapeutic robot can cover the horizontal ROM of human in the ADL. The position of the end-effector is measured by two laser displacement sensors (IL-600, KEYENCE). Besides, the interaction forces between human hand and end-effector are detected by using a three-axis force sensors (LZ-SWL2, KINO). The rotation angle of the passive revolute joint is obtained via an angular potentiometer (MNA-992, MINUO). A graphical guidance monitor is placed on the support frame to facilitate the volunteers in understanding their real-time configuration and training condition. For safety consideration, four travel-limit switches (SN04-N2, RIKO) are mounted at the ends of ball screw mechanisms in order to limit the ROM of rehabilitation robot. In addition, an emergency stop is installed on the fixed frame, which allows the patient and physical therapist to immediately shut down the motor power in dangerous situations.
B. ELECTRICAL CONTROL SYSTEM
With the aim of executing the closed-loop control algorithms developed for expected rehabilitation training programs, a real-time control system is established in the MATLAB/xPC environment (2016a, Mathworks) with the Real-Time-Workshop (RTW) core [36] . The overall diagram of the developed RTW control system is presented in Fig. 2 . Two industrial personal computers (IPC-610H, Advantech) are utilized in the platform, working as the host computer and target computer, respectively. The host control layer is in charge of generating Simulink-based control models and transforming them into executable C-type codes, while the target control layer is in charge of implementing the specific codes and regulating the operation of rehabilitation robot. The communication between host and target computers is achieved through the RS232 serial port.
The multi-sensing information from the force sensor, laser displacement sensors and angular potentiometer is acquired through an industrial analog-to-digital board (PCL-818, Advantech) with a resolution of 12 bits, which is installed in the industrial slot of target computer. A third order low-pass Bessel filter is added to the Simulink control model to reduce the readout noises of each sensor. The control commands calculated by target computer are converted into analog control signals through a digital-to-analog board (PCL-727, Advantech) with a relative accuracy of ±0.012% of full scale range and, after that, sent to the corresponding servo drivers. The sample frequency of the real-time control system is set to 0.1 kHz.
III. DEVELOPMENT OF AACNDO ALGORITHM
Rehabilitation training robot is kind of human-robot interaction system with highly coupling characteristics. There VOLUME 7, 2019 exists many difficulties in establishing the exact dynamic model dues to unknown parameters and external disturbances. Several control approaches have been developed to mitigate the system uncertainty, such as stochastic nonlinear model predictive controller [37] , high-order disturbance observer [38] , time delay estimation [39] , and so on. In order to meet the training requirement of individuals with different degrees of hemiplegia, an adaptive admittance control scheme is proposed in our research to realize both patientpassive and patient-cooperative rehabilitation training with adjustable compliance. Furthermore, a new neural-networkbased disturbance observer is designed to improve the robustness and accuracy of the control algorithm.
A. DYNAMIC MODELING
The overall dynamic model combined with human-robot interaction can be developed in the Cartesian space based on the Lagrangian approach [40] as follows:
(1)
Here, P(t),Ṗ(t), andP(t) ∈ R 2 are the position, velocity, and acceleration vectors of end-effector in Cartesian space. M ∈ R 2×2 represents the Cartesian space inertia matrix; V ∈ R 2×2 denotes the Cartesian space Coriolis/centripetal; F f (t) ∈ R 2 is the resultant friction vector from ball screw transmission mechanisms; D u (t) ∈ R 2 represents the lumped effects of uncertainties including external disturbances and modeling errors; F(t) ∈ R 2 represents the Cartesian space control force vector; (t) ∈ R 2 denotes the human-robot interaction force vector along the horizontal plane; τ (t) ∈ R 2 is the output driving torques of servo motors; η 1 , η 2 , σ 1 , and σ 2 represent the transmission efficiencies and screw leads of the ball screw mechanisms, respectively.
Here, it should be pointed that the dynamic model has no gravitational vector, as the available ROM of rehabilitation robot is limited to horizontal plane.
A hybrid dynamic friction model, including the Stribeck effect, hysteresis and stiction characteristics, is adopted to analyze the system friction properties [41] , [42] .
Here, we can get
Here, F fi andṖ i denote the friction force and velocity of the ith joint; υ denotes the average deflection of fictitious bristles; F c and F s represent the Coulomb force and stiction force, respectively; ϑ 0 , ϑ 1 , ϑ 2 , and ω are constant parameters.
B. CONTROLLER DEVELOPMENT
The overall block diagram of the proposed AACNDO scheme is depicted in Fig. 3 . The controller consists of an adaptive admittance module in the outer-loop to modulate the desired human-robot interaction compliance and a neural-networkbased inner-loop to guarantee the admittance control performance. The desired admittance characteristic between robotic end-effector and human arm can be expressed as the following equation:
where
Here, P(t) ∈ R 2 is the desired position adjustment of endeffector in Cartesian space corresponding to the interaction force (t); δ F represents the desired admittance model; M d , B d , and K d ∈ R 2×2 represent the objective inertia matrix, damping matrix and stiffness matrix of admittance controller. It needs to be pointed out that the increase of admittance parameters leads to the decrease admittance model.
Defining the position error P (t) ∈ R 2 between the desired position P d (t) ∈ R 2 and actual position of end-endeffector in Cartesian space as follow:
Then, the admittance error during operation can be defined as follow
From (1) and (2), since inertia matrix M is symmetric positive definite, the dynamic model can be rewritten as follow:
Defining a switching function for the sliding surface of inner-loop controller as follow:
where S(t) ∈ R 2 is the sliding variable vector; λ ∈ R 2×2 is the positive diagonal matrix of proportional gain. Invoking (7), (8), and (9), the expression for the deviation of sliding variable with respect to time can be obtained aṡ
Here, ψ(t) = M −1 D u (t) ∈ R 2 is a new vector representing the unknown compound disturbance. The effects of dynamics modeling error and external disturbance greatly degrade the control performance during practical human-robot interaction. Therefore, a neural observer developed on the basis of radial basis function network (RBFN) is employed to approximate the system uncertainty [43] . The structure of the RBFN-based neural network adopted in this research, which has simple architecture and fast convergence property, is shown in Fig. 3 . The Gaussian function is chosen as the receptive field unit, and the weight sum approach is selected to calculate the output of three-layer RBFN. The input vector of RBFN, i.e., χ(t) ∈ R 8 , is chosen as the combination of actual position, actual velocity, admittance error, and the deviation of admittance error:
Then, the neural network output can be expressed as:
Here, ψ i represents the value of the ith output node; M and N denote the numbers of output nodes of neural network and hidden nodes, respectively; ρ j (χ) is the jth Gaussian function; W ij denotes the weight value connecting the jth hidden neuron with the ith output node; m j ∈ R 8 denotes the jth center vector, and b j represents the standard deviation of the jth neuron unit.
There exists approximation error in the proposed neural network, since the dimension of the RBFN hidden nodes is finite. With the aim of designing an adaption law for the neural disturbance observer, the minimum approximation error of RBFN is defined as the following equation:
where κ(t) ∈ R 2 is the vector of minimum approximation error; W * ∈ R M ×N represents the optimal weight matrix obtaining minimum approximation error;ψ(W * ) ∈ R 2 is the optimal RBFN output for disturbance estimation.
Then, the control law of the proposed adaptive admittance controller with RBFN-based disturbance observer is selected as follow:
Here,κ(t) denotes the estimation value of the minimum approximation error;ψ(W) represents the actual RBFN output with the weight matrix of W(t).
Designing the adaption law forκ(t) andẆ(t) as the following equations:κ
Here, η represents a positive constant; α ∈ R N ×N denotes a positive definite and diagonal matrix.
The closed-loop stability of the proposed controller is demonstrated based on the Lyapunov stability theory [44] . DefiningW(t) = W * (t)−W(t) as the weight estimation error of disturbance, then the positive-definite Lyapunov function VOLUME 7, 2019 candidate can be chosen as:
Differentiating (17) with respect to time and combining (7), (9) , and (10), we can geṫ
Inserting (14) into (18), we havė
Combining (9), (12) , (15) , and (16) with (19), we can geṫ Therefore, it can be found that the V (t) is positive definite, whileV (t) is semi-negative definite. Furthermore, when
|S
T (t)| approaches to infinity, V (t) also tends to infinity. The bounded admittance error gradually converges to zero and approaches the sliding surface in finite time [45] - [47] . The closed-loop system is asymptotically stable. Finally, the system stability demonstration is completed, and the unknown disturbance and dynamics modeling error can by compensated by using the proposed controller.
C. ADAPTION LAW OF ADMITTANCE MODEL
The admittance property of human upper extremity varies over its available ROM. It can be observed from (4) that the interaction force increases with the decrease of admittance model. In order to encourage the active patient participation and guarantee training safety, it important for the therapeutic robot to provide assistive force with adjustable compliance. Therefore, an adaption law is developed to modulate the admittance model parameters in accordance with the selected training mode and actual position error.
In the passive training mode (PTM), the adaptive factor of admittance model is set to zero. The rehabilitation robot is controlled to move the affected limb along predefined trajectory, regardless of human-robot interaction. In the cooperative training mode (CTM), the interaction force leads to the deviation between predefined trajectory and actual trajectory. The movement space of end-effector around the predefined trajectory can be divided into three position-error-based working areas with different compliance levels, i.e., large admittance model area (LAA), medium admittance model area (MAA), and small admittance model area (SAA), as shown in Fig .4 .
The admittance model can be improved as follow:
Here, δ F represents the improved admittance model; γ is an adaptive factor that switches training mode and adjusts the interaction compliance within different working areas. R L , R M , and R S denote the boundaries of large admittance model area, medium admittance model area, and small admittance model area, respectively; G 1 and G 2 are two constant parameters used to adjust the variation rate of system admittance.
The admittance model in the LAA is invariable with a relatively large value, and it contributes to promoting the participation degree of the patient during training. In the MAA, the admittance model linearly decreases with the increase of position error, leading to rapid increase of interaction force and training intensity. In the SAA, the admittance model shows exponential descending tendency as the position error increases. The movement of affected limb is restricted by increasing resistance force, and it helps protect the patient from excessive movement and enhance training safety.
IV. EXPERIMENTAL VERIFICATION
To verify the effectiveness of the proposed control strategy in performing patient-passive training and patientcooperative training, three volunteers with different anthropometric parameters and ages (volunteer V 1 : male, height/1.72 m, weight/60 kg, age/23 years; volunteer V 2 : male, height/1.78 m, weight/68 kg, age/36 years; volunteer V 3 : female, height/1.63 m, weight/49 kg, age/22 years) were recruited to conducted three presentative experiments with the developed rehabilitation robot. Firstly, the sinusoidal trajectory tracking experiments were carried out to analyze the position control accuracy during repetitive patient-passive training. Secondly, the circular trajectory tracking experiments with different admittance parameters were carried out to evaluate the controllability of human-robot interactive compliance during training. Finally, the intention-based resistive training experiments were conducted to validate the effectiveness of AACNDO in patient-cooperative training. The ethical approval of the proposed experimental programs has been obtained from the Institutional Review Board of the Nanjing University of Aeronautics and Astronautics.
A. SINUSOIDAL TRAJECTORY TRACKING EXPERIMENTS
For the completely disabled patients without any muscle contraction and motor function, performing repetitive patientpassive training along predefined trajectory has positive effect on promoting muscle contraction and avoiding articular spasm. In this experiment, the volunteers were required to comfortably sit on a chair with his/her right hand grasping the end-effector, and then passively perform repetitive training with the assistance of rehabilitation robot. The visual feedback from graphical guidance screen allows the experimenters to know the real-time training position and condition. The state machine of the AACNDO controller was switched to the patient-passive training mode (i.e., the adaptive factor γ is set to zero). In this case, no compliance is allowed during rehabilitation training, and the control purpose is to promote the position tracking accuracy.
The desired trajectories of end-effector along bilateral direction and anteroposterior direction were defined to simultaneously follow a sinusoidal wave trajectory with timevarying frequency and peak to peak amplitude. The duration of each trajectory track test was set to 14 seconds. More specifically, for the X-DOF of therapeutic robot, the desired sinusoidal trajectory has a frequency of 0.5 Hz and an amplitude of 120 mm for the first four seconds, which then change to 0.25 Hz and 150 mm from the fourth second to the twelfth second. In the last two seconds, the frequency and amplitude change to 1 Hz and 90 mm, respectively. For the Y-DOF of therapeutic robot, the desired trajectory starts with a frequency of 0.5 Hz and an amplitude of 150 mm for the first four seconds, which then change to 0.25 Hz and 120 mm from the fourth second to the twelfth second. The frequency and amplitude change to 1 Hz and 90 mm in the last two seconds.
With the aim of evaluating the control performance of the proposed controller, the experimental results of AACNDO are compared with those of FCPID control scheme [24] . To improve control accuracy and ensure system stability, the parameters of FCPID control scheme were estimated via Ziegler and Nichols method [48] , while the parameters of AACNDO were adjusted and optimized by intensive tests. The mean absolute error (MAE), the maximum absolute error (MAXE), and the percentage root mean squared error (PRMSE) were defined to quantitatively analyze the control performance of different controllers. The equations are shown as follows: (26) where E i denotes the ith position tracking error data; N represents the number of data sets. The repetitive patient-passive training experiments were conducted by volunteers V 1 , V 2 and V 3 , respectively. The experimental results of V 1 are presented in Figs. 5 and 6. More specifically, the desired and actual trajectories of AACNDO and FCPID are compared in Figs. 5 (a) and 6 (a) . Moreover, the position tracking errors are presented Table I . The experimental results reveal the superiority of AACNDO over FCPID in improving the position control accuracy of passive rehabilitation training.
B. CIRCULAR TRAJECTORY TRACKING EXPERIMENTS WITH ADMITTANCE ADJUSTMENT
The major control objective of the aforementioned patientpassive rehabilitation training is to ensure the position control accuracy without regard to the participation of the patient. Nevertheless, for the disabled patients who have restored partial motor ability but still be weak, the repetitive reaching trainings integrated with admittance regulation are capable of adjusting the training trajectory in accordance with the interaction force acting on robot end-effect, and it contributes to improving the compliance, comfort and training safety of rehabilitation therapy. In the second experiment, the state machine of the controller was switched to the patientcooperative training mode. The volunteers were commanded to perform circular trajectory tracking tests with different admittance parameters, and the actual moving path can be modulated based on the real-time human-robot interaction. The end-effector of rehabilitation robot, connected with the hand of volunteer, was controlled to follow the circular trajectory with a radius of 100 mm in counterclockwise direction. The cycle time of circular trajectory was defined as 8 seconds, and the duration of each tracking experiment was set to 24 seconds, i.e., three movement cycles. In order to study and analyze the effect of admittance model on the control performance of proposed AACNDO strategy, three groups of admittance parameters (i.e., inertial matrix, damping matrix, and stiffness matrix), including large admittance parameters, medium admittance parameters, and small admittance parameters, were adopted in this patient-cooperative experiment, as presented in Table II Table II . As can be found, the position deviation between desired trajectory and actual trajectory along each direction shows positive correlation with the corresponding human-robot interaction force. Furthermore, the position deviation during cooperative training, which reflects human-robot compliance interaction, increases with the decrease of admittance parameters. The increase of compliance contributes to improving the comfort, safety, and involvement of training. Therefore, by rationally selecting the admittance parameters of the AACNDO scheme, the compliance level of the robot-assisted cooperative training can be adjust to satisfy the treatment requirement of the patients remaining in different recovery processes.
C. INTENTION-BASED RESISTIVE TRAINING EXPERIMENTS
Clinical therapy experience reveals that, for the patients regaining most of motion abilities at recovery period, combining the motion intention and active participation of the patient into cooperative training helps to increase the immersion and interaction of rehabilitation treatment and recover psychological confidence. The intention-based resistive training experiments were conducted to evaluate the functionality and effectiveness of the proposed AACNDO strategy in inducing the voluntary efforts of patients during free arm operation training. In this experiments, the state machine of AACNDO controller was switched to the patient-cooperative training mode, while the desired trajectory was fixed to the original location of end-effector. The volunteers were commanded to grasp the end-effector and actively manipulate the rehabilitation robot to conduct reciprocating movement along anteroposterior linear trajectory, bilateral direction linear trajectory and circular trajectory in turn. The duration of each trial was set to 30 seconds. From (21) , it can be found that the human-robot interaction force applied by the patient can be mapped into the active human motion intention during training and lead to the movement of end-effector in the same direction. Meanwhile, the resistive force generated from therapeutic robot will impede the intention-based free movement of human arm and enhance the training intensity of the patient during training.
For the purpose of analyzing the feasibility of the adaptive admittance law in modulating interaction forces in different working areas, the volunteers were instructed to intentionally manipulate the end-effector to pass through the LAA, MAA, and SAA respectively. The boundaries of LAA, MAA, and SAA were set to R L = 30 mm, R M = 60 mm, and R S = 100 mm. The results of the intention-based resistive training experiments carried out by volunteer V 1 are presented in Fig. 10 . The actual training trajectory on the horizontal plane and the corresponding interaction force are presented in Fig. 10 (a) . It can be seen that the resultant interaction force increases with the position deviation from original location. The time history of the resultant displacement of end-effector are shown in Fig. 10 (b) . The resultant displacement curve repeatedly intersects the boundary lines of LAA and MAA, and the status variation in different working areas are shown in Fig. 10 (c) . The time history of the adaptive factor of admittance model, which is related to the resultant displacement, is presented in Fig. 10 (d) . Besides, the time histories of interaction forces, including the force along X-direction, the force along Y-direction, and the resultant force, are shown in Fig. 10 (e) . The displacements of end-effector along X-direction and Y-direction are shown in Fig. 10 (f) . We can observe that the adaptive factor γ is equal to 1 in the LAA. The interaction force in this working status is relatively small, and it facilitates to promote system compliance and encourage the maximum utilization of regained motor functions. In the MAA, the adaptive factor γ linearly decreases with the increase of resultant displacement. The resistive force from end-effector in MAA is larger than that in LAA, and it contributes to enhancing the training intensity of the patient and improving therapy performance. Besides, the interaction compliance is reduced in this case. In the SAA, the therapeutic system judges that the affected extremity has entered into an abnormal training status. The adaptive factor γ is decreased exponentially, leading to the rapid increase of resistive force. The movement velocity of human arm and the interaction compliance decrease rapidly in this working area. As a result, the training process is terminated in SAA, and it can avoid the excessive movement of affected extremity and guarantee the safety of training.
The experimental results demonstrate the feasibility of AACNDO in adjusting the compliance and interaction force in different working areas during patient-cooperative training. In the practical application of AACNDO, the admittance parameters and boundaries should be rationally selected to modulate the interaction compliance and operation intensity of rehabilitation training based on the recovery status and specific requirement of the patient.
V. CONCLUSION
In this study, a planar upper extremity rehabilitation robot was developed to assist the disabled individuals perform programmable effective rehabilitation training. A RBFN-based adaptive admittance control strategy was proposed to realize both passive training and cooperative training with different interaction compliance. The unknown compound disturbance of the therapeutic system were approximated through a neural observer. An adaption law was integrated into the admittance model to modulate the human-robot interaction forces in different working areas. The stability of the developed closed-loop system was demonstrated based on the Lyapunov stability theorem. The effectiveness of the proposed rehabilitation robot and the AACNDO strategy was evaluated through three experiments, including the sinusoidal trajectory tracking experiments, the circular trajectory tracking experiments with admittance adjustment, and the intentionbased resistive training experiments. The results show that the position control accuracy of passive training can be guaranteed with the AACNDO scheme. Besides, the interaction compliance and training intensity can be adjusted for better performance of cooperative training.
Future works will be devoted to developing a visualization evaluation system to monitor the rehabilitation progress of patients and optimize the controller parameters. Furthermore, the clinical effectiveness of the proposed therapeutic robot system in practical application will be evaluated. 
